Normal brain-aging occurs at all structural levels. Excessive pathophysiological changes in the brain, beyond the normal one, are implicated in the etiology of brain disorders such as severe forms of the schizophrenia spectrum and dementia. To account for brain-aging in health and disease, it is critical to study the age-dependent trajectories of brain biomarkers at various levels and among different age groups. 5 The intracranial volume (ICV) is a key biological marker, and changes in the ICV during the lifespan can teach us about the biology of development, aging, and gene X environment interactions. However, whether ICV changes with age in adulthood is not resolved.
Introduction dependency of ICV on age was found [36] .
In some cases, when ICV age-related changes were observed, they were interpreted in the context of the secular trend of increasing head size in the last century. For example, Good et al. observed a quadratic decline in ICV with age for males, but not for females, and suggested that generational head growth is the cause of their findings 85 [37] . Similarly, Kruggel has observed a small decrease in the ICV (0.84 ml/year between the ages of 16 and 70) that was significant at the 0.1 false-positive statistical limits and interpreted the effect in the context of a generational growth [38] . Finally, Kim et al. observed an average ICV decrease of 2.1 ml/year for males and females between a group of Korean people at an average age of 68 years and a second group at an average age of 24 years [39] . They also suggested environmental factors as the cause of this ICV difference. 90 Since all these studies applied a cross-sectional analysis, it is hard to estimate what factor really represents a generational effect, and to what extent real individual age-dependent ICV changes exist. However, precisely this estimation is needed to infer the true aging-trajectory of the ICV. One way to obtain an accurate measure of the ICV aging-trajectory is by using a longitudinal approach. In a longitudinal approach, each person serves as its own normalization baseline, and thus the generational effect is removed. Indeed, it is known that applying cross-sectional 95 and longitudinal analyses to the same data can give rise to substantial differences in the results [40] .
To the best of our knowledge, only two studies have used a longitudinal (or semi-longitudinal) approach to study ICV aging. In the first longitudinal study, 90 healthy subjects between the ages of 14 and 77 years had two MRI scans at an average interval of 3.5 years [41] . To study longitudinal changes, they divided their cohort in three age epochs ≤ 34 ; 35 − 54 ; and ≥ 54 years). Their analysis showed a small increase in the ICV over 100 repeated measurements for the youngest group (4.6 ml; 0.3 %). However, the ICV was not statistically significant different between the first and second measurements for the other two age epochs. In addition, the average ICV for the first age group was not different from that in the second and third age groups. By contrast, when they applied a cross-sectional analysis to their data, they found a statistically significant correlation with age, which they interpreted as the result of a secular growth of the head. 105 The second study compared two types of delineations of the ICV [42] . They applied an automatic ICV extraction in a cohort of 60 people between the ages of 71 years and 74 years. Next, they used manual expert delineations of the ICV plus the part of the inner skull table that was assessed by the human expert to results from age-related thickening. By comparing these two measurements, they inferred 'longitudinal' ICV changes from the start of aging to the eighth decade of life. Their results suggested an average of 101 ml (6.2 %) for males and 114 ml (8.3 %) for 110 females individual ICV reduction during the course of life.
Assuming that the main effect that was detected in the cross-sectional ICV analyses was due to a generational growth, these two longitudinal studies raise a series of questions. Does the ICV indeed continue to enlarge at young adulthood? How come Liu cross-sectional effect that is generational by origin? Do these findings suggest a non-linear aging-trajectory for the ICV? In light of these questions, it is clear that additional work is needed regarding ICV and aging.
To assess ICV aging in young and middle adulthood, we measured ICV trajectories in a large longitudinal Dutch cohort with three repeated measurements. Using an in-house-built algorithm for ICV extraction, we assessed ICV changes over the repeated measurements. We analyzed the results using three longitudinal measures: the individual 120 volume difference between the first and last measurement, individual fits to all available ICV measurements, and a global linear mixed model fitting. These analysis methods showed a small but statistically significant enlargement of the ICV at young adulthood that is replaced by a small but statistically significant ICV shrinkage at middle adulthood.
Methods
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Data
We used the T1-weighted (T1w) MRI scans from the Utrecht site (The Netherlands) of the GROUP study [43] . The GROUP study was originally designed to assess the risks and outcome of psychosis. Hence, it contains three groups of participants -namely -a control group, people that were diagnosed with schizophrenia and siblings of people that were diagnosed with schizophrenia. In general, in our analysis, we do not differentiate between these three groups of people. Altogether, the Utrecht GROUP Study contains T1w scans of 528, 378 and 309 individuals at the first, second and third time points respectively (see Table 1 ). The average period between consecutive scans is 3.32±0.32 years. The age span at the first time point is between 16 and 55 years. All scans were recorded using a 1.5-tesla Philips scanner at the University Medical Center of Utrecht. Note that during the acquisition phase of the GROUP study, two different scanners with the same field strength and the same acquisition protocol were 135 used to collect the data between different waves of the study, as well as within each wave. For the exact acquisition protocol of the T1w scans see [44] .
ICV Extraction
ICV extraction was performed using a self-written C++ pipeline based on the Minc-toolkit (version 1.0.08) for MRI image analysis [45] . We call the pipeline -IntracranialVolume (see https://www.neuromri.nl/2019/03/25/ 140 intracranial-volume/ to download the pipeline). For reasons of convenience, the pipeline was further wrapped using a python script within the Fastr environment [46] (see https://gitlab.com/bbmri/pipelines/fastr-resources). Similar to Buckner at al. [33] , our algorithm for ICV extraction makes use of several consecutive linear registrations steps (using the Minctracc program), followed by three non-linear registration steps (also using the Minctracc program). In each registration instance, two MRI images are registered to an average MRI scan that was produced 145 in the previous registration cycle. The first scan that is registered to the averaged scan is the T1w scan of the individual under consideration. The second scan that is registered to the same averaged scan is a model T1w MRI image that was created in our center by averaging several tens of T1w scans of different individuals. From the final registration matrices of the model MRI image and the subject scan to the averaged scan, one can calculate the transformation from the model T1w MRI image to the subject scan. Originally, adjacent to the T1w model 150 MRI image, we also created an ICV mask that was manually controlled to assure the best correspondence between the model and its ICV mask. Applying the transformation that was calculated between the model MRI image and the individual scan to the model ICV mask, one obtains a new ICV mask for that individual. The total ICV of that subject is then merely the total number of voxels in that mask multiplied by the voxel volume. Note that, in principle, the dura matter is continuous between the brain and the spinal cord. Thus, it is hard to tell where 155 exactly the brain 'ends' at its axial lower part. We have chosen to arbitrarily define the bottom part of the brain as the level below the cerebellum and the medulla.
We have adapted a semi-automatic procedure for the ICV extraction. The procedure amounts to running the ICV extraction pipeline with its default setting over a T1w MRI scan of a specific individual followed by manual inspection of an output figure file. The output figure file contains several sections of the axial, sagittal, and coronal 160 directions of the brain overlaid by the outline of the ICV mask that was produced by the pipeline. If the ICV outer outline did not mark the real outline of the ICV, as judged by the first author, we have tried to run the ICV extraction tool with alternative flags to the Mintracc program. We have repeated this process several times until a satisfactory ICV mask was obtained, or else, it was decided that the pipeline is unable to produce an adequate ICV mask for that individual. The semi-automatic procedure was done blinded to participant age, gender, group 165 status, or any other confounder.
In principle, in cases where the ICV mask was inadequate, two flags could be adjusted during the linear registration phase, and two could be adjusted during the non-linear registration phase to produce a better ICV mask. The two flags that could be adjusted during the linear registration phase are: (i) blurring the scans before the registration using the Mincblur command (usually, a kernel of 4-12 voxels helped), or (ii) not using the -est_translations 170 flag of the Minctracc program. The two flags that can be adjusted during the non-linear registration steps are (i) setting the weighting factor for Minctracc optimization to a value of 0.01-0.4 (default 1.0); and (ii) setting the -similarity_cost_ratio flag of Minctracc to a value of 0.5-0.6 (default 0.3). Another measure that can help to achieve an appropriate ICV mask is to remove a large part of the neck in the scan of that individual, (as our model brain does not contain a neck moiety). In most of the cases, unsuccessful linear registration resulted in an ICV mask that 175 is entirely unrelated to reality or that lacks a large portion of the cerebellum. Unsuccessful non-linear registration resulted in a part of the occipital region of the brain, or a small portion of the cerebellum, not being included in the ICV mask. Statistical data regarding the number of scans that were used for the analysis out of the total number of scans in the cohort appear in Table 1 . We would like to stress that the re-iterative procedure of using different program registration flags did not result in an ICV bias, but was merely a technical procedure to assure that the 180 ICV masks were adequate.
Data Analysis
Data analysis was done within the statistical computing and graphics environment R [47] using the packages: ggplot2 [48] , Matrix [49] , smoother [50], data.table [51] , matrixStats [52] , caTools [53], gam [54] , and haven [55] . 185 We have used the R statistical computing and graphics environment to calculate the ICV differences between different waves of the study (∆ICV Tx,Ty ) using the formula:
Differences between ICV values at different waves of the study
where Tx and Ty are different waves of the study. Ty -first, second or third wave of the study, Tx -second or third wave of the study.ICV Tx is the calculated ICV at the first, second or third scan and Age Tx is the corresponding age of the individual in years at the time of the scan.
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The individual values of ∆ICV Tx,Ty where then used to obtain a global ICV change by fitting the {∆ICV Tx,Ty } results of the whole cohort to a straight line.
Individual fit based analysis
We have used the R statistical computing and graphics environment and the linear fitting function lm to fit the ICV data of each individual (ICV Individual i ) to a straight line using the formula:
Individual i and ICV Slope-fit Individual i are the intercept and incline of the ICV data for that individual. The fitting was over three data points for those individuals which the ICV data existed for three consecutive measurements, or over two measurements in cases that only two ICV values existed. Next, we have used the ICV Slope-fit
Individual i values for all individuals to obtain a global ICV change by fitting the {ICV Slope-fit Individual (Age)} values to a straight line.
Linear mixed models fitting 200 We have used the R environment lme4 packaged [56] to fit our results to a linear mixed model. In the lme4 package notation we have used a model ICV∼Age+Sex+(1+Age||Family:Subject) for the complete ICV dataset and a model ICV∼Sex+MRI-Machine+(1+Age||Family:Subject) for the reduced ICV dataset (see details in the results section for the construction of the reduced ICV dataset). In this notation (1+x||y:z) means an individual z dependent random variable nested in factor y where the intercept (1) is not correlated with the x effect.
Figures preparation
Figures and graphs for this article were prepared using the programs: SciDAVis (RRID:SCR_014643), Inkscape (RRID:SCR_014479) and GIMP (RRID:SCR_003182).
Results
General ICV characteristics 210 Fig. 1 shows an example of several sections from a T1w MRI scan with an overlay of the ICV-mask outline that was obtained for that scan for one case of the GROUP cohort. As can be seen, the ICV mask that was produced by our computational tool encompasses the brain and the CSF and omits the two large dura mater reflections, namely the tentorium cerebelli and the falx cerebri [7] . Thus, the computationally-obtained ICV-mask provides a direct measure of the conjointly total volumes of the brain and the CSF.
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In the majority of the images (>90%), we obtained representative ICV masks after one or several rounds of applying the ICV extraction algorithm. However, in 3-9% of the images (depending on the time point), we were not able to obtain adequate ICV masks even after several rounds of running the ICV extraction tool. We have discarded these images form our analysis. Altogether, we extracted the ICV from 1143 T1 scans across all three data points that sums up to 94% of the available data (see Table 1 ).
A histogram plot of the extracted ICV values at the first time point shows a normal-like distribution (see Fig.  2a ). The average (and standard deviations) of ICV value for females is 1.4 ± 0.11 liters and for males 1.6 ± 0.13 liters (females/males ratio =0.875. For comparison see [22] ). The distributions of the ICV values at the second and third scanning periods show similar characteristics, and the average (±s.d.) ICV value stays constant (see Fig.  2b ,c).
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ICV differences between the first and last scanning waves To assess small changes in the ICV value during this period, we have studied the relative change of the calculated 230 ICV for individuals with available data between the third and the first scanning periods. Namely, we calculated ∆ICV T3,T1 (see Methods section).
A histogram of the results shows that ∆ICV T3,T1 presents a distribution with average and standard error (s.e.) of the longitudinal ICV change equal to −3 · 10 −2 ± 2.7 · 10 −2 [%/year] for females and−3 · 10 −3 ± 2 · 10 −2 [%/year] for males (see Fig. 4a ). However, the ∆ICV distributions do not follow a normal distribution. Instead, the ∆ICV 235 distributions for females and males have long tails from both sides of the distributions. Thus, this result suggests that if longitudinal changes in the ICV between early adulthood to the sixth decade of life exist, they are minimal and amount to a value of the order of 0.1 [‰/year] of the total ICV.
Note that the age distributions for both females and males in our cohort are skewed toward people that are younger than 30 years (see Fig. S1 of the supporting information). Thus, the age distributions might mask 240 trajectories of ICV changes as a function of age. To assess this possibility, we plotted ∆ICV T3,T1 as a function of the average age between the scans of each individual (Age T3,T1 ≡ 0.5 · [Age T3 + Age T1 ]). The results of the analysis are shown in Fig. 4b . We fitted ∆ICV T3,T1 as a function of Age T3,T1 for males and females separately. To prevent any influence of residual physical growth for young subjects, we fitted the data only for subjects with Age T3,T1 > 20 (a practice that we maintained for the rest of this article unless otherwise specified). In both cases, the fitted lines had a negative slope. However, in both cases, the fits did not reach the statistically significant limit (see the table in Fig. 4 ). Inspection of the quantile-quantile plots (Q-Q plots) suggested the existence heavy-tail points in the residuals' distribution (see Fig. S2a of the SI). Moreover, both fits of ∆ICV T3,T1 as a function of Age T3,T1 may show signs of heteroskedasticity (see Fig. S2b of the SI). Taken together, these observations suggest problems with the linear models that were used for these fits.
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Note that in Fig. 4b several points seems to be localized far away from the main pile of points. We were interested in checking if the existence of these points concealed a statistically significant result. To test this hypothesis, we have plotted an ordered sequence of ∆ICV T3,T1 as a function of value (see Fig. 4c ). In this plot, the existence of two groups of heavy-tail points, one with a substantial negative ∆ICV T3,T1 and one with a substantial positive ∆ICV T3,T1 , are clearly observed for both females and males. To filter out points form these two heavy-tail groups, 255 we have fitted the central part of the ordered ∆ICV T3,T1 sequence to a straight line for males and females separately and maintained only points which deviating from the fitted line by less than 0.2 %/year. We have used this method to create a reduced ∆ICV T3,T1 dataset that lacks the two heavy-tails parts (see Fig. S3a ,b of the SI for the exact limits that were imposed on the ∆ICV T3,T1 dataset to create the reduced dataset). Next, we plotted ∆ICV T3,T1 as a function Age T3,T1 for the reduced dataset and fitted the data to linear functions for females and males separately 260 (see Fig. 4d ). In this case, there was a large improvement of in the p-values of the linear fits. The p-value for the slope for the females fit reached the lesser stringent statistical-significance limit of 10% (p-value=0.069), but the slope p-value for males was above the statistical-significance limit (p-value=0.107). We could further reduce the slopes p-values by setting a somewhat stricter criterion for obtaining the ∆ICV T3,T1 reduced dataset. With the stricter criterion, the slope p-value of the linear fit for females reaches the 0.05 statistical-significance limit, and 265 the slope p-value for males reaches the 0.1 statistical-significance limit (data not shown). The fact that for the reduced ∆ICV T3,T1 dataset the Q-Q plots for both females and males were linear (see Fig. S2c of the SI) and that the residual plots did not show signs of heteroskedasticity (see Fig. S2d of the SI) provides an additional layer of sanity-check to show that the process for obtaining the reduced dataset was not arbitrary.
These observations suggest that the limits on obtaining statistically significant slope p-values are mainly related to low statistical power in the face of a broad spread of the data (low R 2 of the fits). Since there was no apparent difference in the ∆ICV T3,T1 distributions for females and males, nor were there substantial differences in the behaviors of ∆ICV T3,T1 as a function of Age T3,T1 for females and males (apart maybe for a people with young age in the reduced dataset around the first half of the third decade of life), we lumped together the females and males datasets and fitted ∆ICV T3,T1 as a function of Age T3,T1 for females and males together. In that case, the fit showed 275 a negative slope, and the p-value was statistically significant (p-value=0.013, see table in Fig. 4 ). In addition, the Q-Q plot for the combined females and males fit showed a linear behavior, and no heteroskedasticity was observed (see Fig. S2e ,f of the SI). A 'leave-one-out' analysis of the combined dataset of females and males together showed that the maximum influence of any point of the linear fit slope is 13%, well within the s.e. of the slope. Thus, the relationship that we detect between ∆ICV T3,T1 and Age T3,T1 is not the result of changes in the ICV of any single 280 individual.
It is interesting to note that similar results to these of ∆ICV T3,T1 were also obtained for ∆ICV T2,T1 , but not for ∆ICV T3,T2 . See Supporting Text of SI for details.
Taken together, our analysis suggests that the ICV continues to grow in young adulthood. Later on, the ICV starts to shrink from the middle of the fourth decade of life (when ∆ICV T3,T1 =0; Age ≈ 34 years) and continues in 285 this tendency well into the sixth decade of life (most probably also in the years after). Moreover, our data suggest that the decrease in ICV is not constant but accelerate with aging during young and middle adulthood period. However, the size of ICV changes during this period is minimal, and even at the age of 55 (the end age of our analysis) amounts on average to less than 0.1 %/year.
ICV trajectory based on all three measurements 290
Our longitudinal cohort contains three consecutive measurements. Since several error factors can confound MRI results and since computational measures of brain volumes from structural MRI scans are known to add additional error factors, we turned to minimize these effects by making use of the full three measurements that is in our hand. Thus, instead of taking into account only two measurements and directly calculating ∆ICV T3,T1 between the third and the first scans, we have fitted the measured ICV as a function of the age to a straight line for each subject 295 separately using the R function lm. This procedure resulted in a degenerate fitting of only two measurements for 30 cases and a meaningful fitting of three consecutive ICV measurements in 207 cases (87% of the cases, see Table  1 ). Next, we plotted the slopes of all the individual fits (ICV Slope-fit Individual ) as a function of the average age of the subject between these scans (Age Individual ). The results are shown in Fig. 5a . Similar to the case of ∆ICV T3,T1 , fitting ICV Slope-fit Individual as a function of Age Individual resulted in a non-statistically significant fit with a negative slope 300 for both females and males. Grouping females and males together, improved the p-value of the fit a bit but did not cause it to reach statistical significance. Also, similar to the previous case, the residuals Q-Q plots showed the existence of large tails (see Fig. S5a of the SI), and the residual vs. fitted values plot may have hinted to some heteroskedasticity.
To further analyze our data, we have adopted the same approach as in the ∆ICV T3,T1 case. By ordering the 305 ICV Slope-fit Individual results according to their value, we created a reduced dataset that excludes the long tails in the data (see Fig. 5b ). These reduced ICV Slope-fit Individual datasets discards results that were not aligned with a linear fit to the central part of the ordered ICV Slope-fit Individual datasets (see Fig. S6a ,b of the SI for females and males respectively). For the reduced dataset of ICV Slope-fit Individual , we have observed a substantial decrease in the p-value of the fit to Age Individual for both females and males (see Fig. 5c and the table therein). As results, the females case reached the 0.1 statistical 310 significance limit. The p-value for males was, however, above the statistical significance limit. Inspection of the residuals Q-Q plots (see Fig. 5c of the SI) showed good linearity of the fits for females and males, and the residuals vs. fitted values plots ( Fig. 5d of the SI) showed no apparent indications of heteroskedasticity. To increase the statistical power of the ICV Slope-fit Individual age analysis, we again grouped males and females and fitted the entire reduced dataset to a linear function as a function of Age Individual . In that case, the p-value of the slope of the fit was statistically significant (see table in Fig. 5 ), the residuals Q-Q plot was linear, and signed of heteroskedasticity were not observed (see Fig. S5e ,f of the SI). These results provide additional support to our conclusion that the ICV shows a small but accelerated change during young and middle adulthood.
Linear mixed model for ICV trajectory
The measured ICV dataset contains data points that are not entirely independent of each other, thus violating 320 an essential assumption of a mathematical fit theory as was done for ICV Slope-fit Individual and ∆ICV T3,T1 cases. The measurements in our cohort are not independent of each other in two respects. First, by the nature of the longitudinal design, they contain repeated measurements of the same individuals several times. Second, our cohort was designed to included conjoint family members (parents and siblings). As it is known that the ICV is influenced by genetic factors [16] , the ICVs of related family members are not independent of each other. To take these effects into account, we have adopted an additional layer of analysis using a linear mixed model approach (LMM). LMMs are a general framework to fit continuous outcome variables in which the residuals may not be independent, as in the case of a longitudinal design [56] . In principle, an LMM model is composed of a series of global effects that influence the whole dataset and a series of effects that are called 'random' and that are unique to each group of measurements. In that sense, an LMM is a sort of global fit that profoundly reduced the number of degrees of freedom of the fit 330 relative to, for example, the ICV Slope-fit Individual analysis. To utilize the LMM approach we have analyzed the ICV data for all the participants in our cohort for which we were able to extract two or three measurements. That is, we have included in the LMM analysis all individuals that had their ICV measured at the first and second scans, at the first and third scans, at the second and third scans, or at all three scans. As a primary LMM analysis model, we have constructed an LMM model with global 335 effects of age and sex and random uncorrelated effects of intercept and age-dependent ICV for each participant as well as for all the member of a specific family (see the Methods section). Next, we used the predicted ICV values for each participant that were obtained from the LMM analysis at the corresponding age when the MRI scans were performed to calculate a predicted age-dependent ICV change (ICV LMM-Slope Individual p-value=1). Also, adding the identification of the MRI machine (one out of two MRI machines that were used for the GROUP cohort and a third identification code for cases where the MRI machine is unknown) resulted in an insignificant result (ANOVA p-value=0.551). In contrast, removing the global effect of the sex status showed that the original LMM was significantly better (ANOVA p-value=2.2e-16). Similarly, removing the random effect of family membership showed that the original LMM was significantly better (ANOVA p-value=1.97e-09). Finally, 355 we have checked whether removing the global age effect from the LMM model will worsen or improve the primary model. The ANOVA result for removing the global age effect was statistically marginal (p-value=0.504) meaning that the model with the global age effect is marginally better. In light of this marginal p-value, we still have kept this effect in the LMM model analysis.
We were further interested in checking whether higher order terms in the longitudinal ICV trajectories exist 360 behind a linear age-dependent change. To check this possibility, we have grouped the ICV LMM-Slope Individual results for females and males and obtain a statistically significant fit for the whole LMM dataset (see table adjoined to Fig. 6 ). A running average window analysis of the whole ICV LMM-Slope Individual database did not show a clear-cut indication for the existence of higher order terms in the longitudinal ICV trajectories (see Fig. S7a of the SI). To check the existence of higher ordered terms in the longitudinal ICV trajectories in a more statistically controlled manner, we have used 365 the Generalized Additive Model package of R ('gam'). A generalized additive model (GAM) is a sort of spline fit that can include one or a higher number of degrees of freedom. In other words, it is a linear predictor model involving a sum of smooth functions of covariates [57] . We have fitted the ICV LMM-Slope Individual database as a function of age to a GAM model with one, two, and three degrees of freedoms. ANOVA result of the GAM models of one and two degrees of freedom had a p-value of 0.068. Similarly, ANOVA result of the GAM models of one and three 370 degrees of freedom had a p-value of 0.097. Thus, we did not obtain a statistical indication for the existence of higher order terms in the longitudinal ICV trajectories.
It should be noted, however, that the nature of the LMM as a global fit with small number of degrees of freedom (eight in our case), can cause it to be sensitive to the existence of extreme cases in the dataset that is fitted. To check this possibility, we again inspected the residuals of the LMM analysis. Indeed, the residuals Q-Q plot of the LMM model shows the existence of large non-linearities though it still has equal statistical variances across the whole fitting range (See Fig. 8a,b of the SI). Interestingly, the existence of large non-linearities in the LMM model, did not cause similar non-linearities or heteroskedasticity in the ICV LMM-Slope Individual fit analysis for females and males (see Fig. 8c,d of the SI). Nor did it caused this effects to occur in the ICV LMM-Slope Individual fit of both females and males (see Fig. 8e ,f of the SI). Still, the residual analysis of the LMM model may suggest that the extreme cases that 380 were included in the LMM analysis may have skewed its results.
To check the possibility that extreme cases drove our LMM analysis, we have filtered the ICV dataset from these cases to obtain a reduced dataset for an additional LMM analysis. To do so, we have calculated the difference between the maximum and minimum measured ICV values (ICV max − ICV min ) for individuals. The results show a log-normal like distribution behavior with a long-tail (see inset in Fig. 6b ). We ordered the results according to 385 their values (see Fig. 6b ), and fitted the 200 cases with the smallest value of ICV max − ICV min for females and males together to a straight line. By setting a limit on the allowed deviation from this straight line we obtained a reduced dataset. We have used the reduced dataset to construct an LMM model with longitudinal cases that have only small measured ICV change.
Similar to the complete LMM dataset case, we constructed a series of LMM models and checked their applicability 390 based on an ANOVA comparison. Importantly, unlike in the complete dataset case, for the reduced dataset case, the inclusion of the MRI machine code that was used to acquire the scans resulted in an improved model (ANOVA p-value 0.026). However, excluding the global age effect did not make the LMM model worse (ANOVA p-value 0.146). By contrast, excluding the sex identification factor or family status, resulted in a statistically significant worse LMM model (ANOVA p-values -2.2e-16 and 1.0e-07, respectively). Similarly, including the average IQ, or 395 the patient status did not improve the LMM model (ANOVA p-values -0.8857 and 1, respectively). Thus, we chose an LMM model that includes the sex and the MRI-machine code as global effects, and the family, subject code, and age as random effects (but without a constant age effect, see Methods). Q-Q and residual vs. fitted values analyses of the model showed good linearity and spread of the residuals (see Fig. 9a ,b of the SI).
We have used the LMM model of the reduced dataset to calculate the slope of the ICV age dependency for 400 individuals and to obtain a reduced dataset of ICV LMM-Slope Individual points. The behavior of the reduced ICV LMM-Slope Individual values as a function of age is shown in Fig. 6c . As expected, as a result of filtering out the individuals with large ICV max − ICV min , we obtained a broader spread of the predicted LMM age-dependent slopes. A linear fit of the predicted individuals LMM age-dependent ICV changes as a function of age resulted in a statistically significant linear behavior for males (see Fig. 6c and the table therein). However, for females, the fit was not statistically 405 significant (p-value=0.344). Excluding the subject with the most substantial influence on the linear fit slope did not increase the statistical significance of the fit substantially (p-value=0.314 see Fig. 6c and the table therein). Since the residuals Q-Q plot and the residuals vs. fitted values did not show signs of non-linearity or heteroskedasticity (see, Fig.9b ,c of the SI), the lack of statistical significance for the female group is probably connected to a lack of statistical power for the females group relative to the large males group in the cohort. Indeed, lumping together the 410 females and males and fitting all the predicted ICV age-dependent changes for the reduced dataset LMM model still resulted in a statistically significant longitudinal age-dependent linear behavior of the ICV change (p-value=0.029; see table in Fig. 6 ). Moreover, there were no signs of non-linearity or heteroskedasticity in this fit (see Fig. S9e ,f of the SI).
To check the existence of higher order terms in the predicted ICV LMM-Slope Individual values behavior for the reduced 415 dataset LMM model, we again looked on a running-average plot (see Fig. 7b of the SI). The results did not show signs of higher order terms ICV acceleration above a linear one. A GAM analysis with one, two, and three degrees of freedom showed that one degree of freedom GAM model (meaning a linear one), is the most statistically significant (ANOVA p-values 0.1465 and 0.0816 for the one and two, and one and three degrees of freedom models, respectively).
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Thus, consistent with the ∆ICV T3,T1 and the ICV Slope-fit Individual analyses, the LMM analyses, both for the complete ICV dataset and of the reduced one, showed an average linear accelerated change of the total ICV. Such linear accelerated ICV change results in a small but consistent net ICV reduction starting from the beginning of the fourth decade of life according to the complete dataset analysis or from the beginning of the fifth decade of life according to the reduced dataset analysis. It should be noted, however, that the LMM analyses predict a much smaller acceleration for the ICV change in comparison of to the ∆ICV T3,T1 and the ICV Slope-fit Individual analyses. Yet, the critical finding of this research is that, on average, the ICV is not constant during young and middle adulthood.
It is interesting to note that our longitudinal finding regarding the predicted aging trajectory of the ICV prompted us to check to if our data is consistent with other known characteristics of the ICV. Indeed, we were able to recapture the known relationship between ICV and IQ in most of the cases in our data (see the Supporting Text 430 of the SI for more details.)
Cross-sectional analysis
Note that the rate of ICV change that we measure in the ∆ICV T3,T1 and the ICV Slope-fit Individual analyses (let alone in the LMM analyses) is not only accelerating but is also smaller than several previous reports that suggested an ICV reduction rate of 0.05-0.29 %/year during most of the young and middle adulthood period [30, 31] . For example, our ∆ICV T3,T1 analysis shows that only at an average age of 57 the ICV reduction rate reaches a value of 0.1 %/year. To try to understand this discrepancy, we have calculated the cross-sectional ICV age dependency of our data with the same dataset that was used for the longitudinal analysis. The results of this analysis are shown in Fig. 7 . We measured a statistically significant constant ICV value decrease with the cross-sectional approach for all time points for both males and females (see table in Fig. 7 ). Stratifying the cross-sectional data according to the group status 440 in our cohort (control group, sibling group, and people that were diagnosed with Schizophrenia), showed that in most of the cases we observed a statistically significant average cross-sectional age-dependent decreased ICV value (at least on the 0.1 significant level). The calculated ICV reduction rates in those cases are similar to the one that is observed in the general cross-sectional analysis (see Fig. S11 of the SI). Exception for this observation, such as for the females control group, where the p-value of the cross-sectional ICV analysis was always above 0.1, can be 445 attributed to a lack of statistical power due to small number of participants.
We calculated the cross-sectional rate of ICV change for females and males based on the average slopes of the fits for the three time-points in Fig. 7 and the predicted average ICV at age 20 based on the same data is 0.21 %/years for males (3.8 ± 0.5 ml/year) and 0.22 %/year for females (3.5 ± 0.6 ml/year). We attribute this rate of ICV change to a generational effect rather than to a real ICV reduction with age. 450 
Discussion
In this work, we have studied the aging-trajectory of the ICV by applying a longitudinal analysis. Using the data from our cohort, we have shown that the ICV does not stay constant during adulthood. Instead, our analysis suggests that, in the Dutch GROUP cohort, the ICV shows a non-linear aging pattern. To get a feeling for the amount of ICV change between the ages of 20 and 55 years according to different analysis modes that we applied, 455 we present several possible ICV aging trajectories in Fig. 8a,b (assuming the average ICV at age 20). To the best of our knowledge, this study is the first extensive longitudinal ICV aging-analysis during early and middle adulthood.
All three analysis methods that we have used showed a consistence pattern of ICV changes, which amount to an increase in the ICV during young adulthood which is replaced by an ICV shrinkage later on at middle adulthood (see Fig. 4-6 ). Yet, using the three different modes of analysis, we detected somewhat different rates of age-dependent 460 ICV changes. For example, the ∆ICV T3,T1 analysis suggest an average ICV enlargement rate of +0.03 %/year immediately after age 20 years (0.5 ml/year for an averaged male with an ICV of 1.65 liters or 0.4 ml/year for an averaged female with an ICV of 1.48 liters) that evolves to an ICV reduction rate of -0.09 %/year at the age of 55 (1.4 ml/year for an averaged male with an ICV of 1.52 liters or 1.2 ml/year for an averaged female with an ICV of 1.32 liters). Similarly, the ICV Slope-fit Individual analyses for both males and females suggest an average addition of 0.5
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ml/year to the ICV at age 20 years that is replaced by a decrease of 1.3 ml/year at age 55. Interestingly, the decade of life where we found the ICV to change direction between growth and decline corresponds well to the decade of life where the amount of white matter in the brain stop growing and starts shrinking or stats accelerated shrinking [37, 38, 36] . This raises the possibility that these two processes result from a shared genetic cause, which will be interesting hypothesis to check in future works. It is also notable that using the ICV Slope-fit Individual analysis we obtain 470 a total increase of 2.9 ml from the age of 20 to the age of 35. This result is the same order of magnitude as in [41] . Similarly, if we extrapolate the ICV Slope-fit Individual model until the age of 75, we obtain a total ICV reduction of 3.0% for males and 3.4% for females (based on the ICV at age 20). This estimate is the same order of magnitude as in [42] . Most probably, ICV continues to grow, or stays constant, until sometime during the fourth decade of life. Subsequently, it starts to decline in non-linear manner. We suggest that [41] did not observe such a decline in people older than 35 years due to a lack of statistical power. In addition, it is possible that at an older age than 55 the ICV decline depends on higher age powers than age 2 that we did not detect. Higher order age dependency may be the reason that our predictions are somewhat smaller than in [42] . It should be noted, however, that using the LMM models we predict a smaller positive change at age 20 and a smaller reduction at age 55 (an order of magnitude for the complete dataset analysis, and ICV positive change that is in practice almost equal to zero with 480 the reduced dataset analysis at the same age). These small inconsistencies between our different analysis models call for future longitudinal studies with a larger cohort, a longer duration between repetitive MRI scans, and a broader age range.
What could be the source of the ICV aging trajectory? In principle, we can think about three possible physical mechanisms that are not mutually exclusive as correlates with the ICV changes. The first possible physical mecha-485 nism is thickening of the meninges. Indeed, it is known the dura mater becomes thicker at old age [7] . However, it is hard to believe that an ICV change of the size that our model predicts for old age will purely result out of meninges thickening. A possible second source of ICV age-dependent changes is thickening of the skull bone. In principle, if, to what extent, and at which age the skull bone gets thicker is still under dispute. The reason for this dispute is that two mechanisms operate on the skull bone. On the one hand, it is known that aging is accompanied by 490 bone mass loss. On the other hand, changes in the ICV must be compensated by parallel changes in other tissues. Interestingly, thickening of the skull was detected in several cases [58, 42] . Thus, it is plausible that skull bone thickening is responsible for all, part of, or correlates with, the ICV changes. Finally, shape-changes transformations of the skull as a function of age (e.g., in the cephalic index) may also result in ICV changes [59, 60] . The elucidation of the causal mechanisms for the longitudinal ICV changes that we measure is outside the scope of this article and 495 awaits future work.
When comparing the longitudinal analysis to the cross-sectional one 8a,b,c, the cross-sectional analysis suggests a much larger ICV difference in comparison to the longitudinal analysis between the ages of 20 and 55. What can be the source of this discrepancy? The most obvious answer is a population level of secular growth throughout the life of the cohort participants. Indeed, evidence for environmental-dependent secular growth in the last century was 500 documented all around the globe [61, 62, 63, 64] . In particular, the Dutch population has gone through a period of bodily enlargement since the middle of the 19th century probably due to an improvement of nutrient and health conditions during childhood [65] . A large cross-sectional comparison has shown that, on average, between 1950 and 1997 Dutch adults' height increased by roughly 8 cm. The rate of height increased was, however, subsidizing over these decades so that between 1980 and 1997 the rate was only 1.3 cm/decade. However, recently, this trend 505 has stopped [66] . The first wave of the GROUP cohort was acquired between 2004 and 2008 and participants in that wave were born between 1951 and 1991. To assess similar stature effect in our data, we note that the average height of the GROUP cohort participants correlates negatively with age (See Fig. S12 of the SI). The average rate of change in height that was measured in the GROUP cohort was 1 ± 0.5 cm/decade. Thus, it is clear that a generational effect subsists in our data. The fact that we, like others before us, attribute the cross-sectional 510 result to a generational effect, can also explain why in different cross-sectional based studies different rates of ICV change were found, sometimes reaching the statistically significant limit and sometimes not. Most probably, these different cross-sectional rates are the results of different secular growth rates. These results also call for caution when comparing different groups in MRI research. Even if the control and study group age characteristics deviate one from another by three years, there can be an average difference of ≈ 0.6 % in their ICVs. This difference may 515 bias the conclusions of such studies. One way, to get over this age matching problem is to normalize all brain measures to the ICV. However, this procedure assumes a one-to-one correspondence between ICV to other brain biomarkers extent. These results also call for caution when comparing different groups in MRI research. Thus, it is important to keep strict age matching characteristics in case-control comparative cross-sectional studies.
It is interesting to note that the rate of cross-sectional ICV change that we detected (≈ 0.2 %/year) is larger 520 than the corresponding cross-sectional secular height growth rate in the same cohort (0.05 − 0.06 %/year based on the height at age 20). Indeed, additional to secular growth in height, there is also evidence for cranial changes over the last decades in different parts of the world [67, 68, 69, 39] . Since there need not exist a necessary one to one correspondence between height and cranial dimensions, it is possible that the relative secular ICV growth was more significant than that of the height. The fact that 4 out of 7 genetic loci for ICV are known genetic height loci, but 525 that in some cases these loci act discordantly [16] , stands in accord with this suggestion. In this context and in the light of the correlation between the ICV and the IQ, it is interesting to speculate about the relationships between secular growth rates and the Flynn effect. The Flynn effect is the worldwide increase in phenotypic IQ in the last decades [70] . It is usually assumed that the source of the Flynn effect is purely sociological, i.e., results from better education. However, the possibility that part of this secular rise in IQ is also physical by origin was also suggested [71] . Thus, it is interesting to ask whether the more significant rate of ICV growth relative to the body (height) liberate more brain material for cognitive abilities that are measured by the IQ scale, which results in the secular rise in the phenotypic IQ. Though outside the scope of this work, we believe that such hypothesis merits additional future inspection. This study has several limitations that need to be addressed when interpreting its finding. First, for the two 535 individual analysis modes that we used (∆ICV T3,T1 and ICV Slope-fit Individual ), we obtained statistically significant ICV changes only after applying a filtering procedure over the data. Similarly, for the global LMM analysis, the agerelated ICV changes that were calculated using the reduced dataset are somewhat smaller than those that were obtained from the complete dataset. One may question our filtering procedure.
We believe that we are not imposing arbitrary filtering criteria to obtain a statistically significant result. On 540 the contrary, using the filtering mechanism, we are exposing a genuine relationship between ICV and age that was hidden under the noise. Two reasons lead us to believe that this is indeed the case. First, we have filtered out results with the rather large effect (more substantial ICV difference). In general, one would expect that keeping cases with a rather large ICV change will enhance the false positive probability and not the other way around. Second, a post hoc additional manual inspection of several MRI scans that were filtered out by our criteria show 545 that, in many cases, small cranium or meninges segments were included in the ICV mask. These segments were the reason that the data for these individuals showed substantial ICV changes. However, these segments were not detected during the original manual inspection of the ICV masks. It is easy to understand why this is the case. The most considerable ICV difference that we measured was around 100 ml (see Fig. 6b ). It can be expected that small non-ICV segments sometimes cannot be detected by a human inspection in a large cohort when the researcher 550 inspects only a limited number of slices and the non-ICV tissue is distributed over a large part of the ICV surface.
A second limitation of this study is related to the field strength of the scanners that was used for the T1w acquisition. We have used MRI scans that were acquired on a 1.5 Tesla scanners. However, modern scanners usually operate at 3 Tesla and sometimes at higher field strengths. The reason that the data was acquired with a rather low field strength is tightly related to its longitudinal acquisition protocol which started with the recruitment 555 of first individuals at 2004, when not many 3 Tesla scanners were operational, and ended at 2014. Since we are interested only in a global measure of the total ICV and not in detailed regional gray or white matter trajectories, we believe that this limitation is less crucial. MRI studies that used similar field strength were commonly used to study brain aging before the advance for higher field strength scanners, and many of their findings were corroborated by later research (see, e.g., [37, 33] ). Yet, future studies will probably use higher field strength when corroborating 560 our findings.
A third limitation of our study is related to the fact that the acquisition was performed on two scanners and not one. It is known that different scanners introduce a systemic error and that can lead to a bias in our results [72] . Indeed, when applying the linear mixed model analysis to the reduced dataset, we found that incorporating the scanner identifier as a confounder into the model made the linear mixed model statistically significant better. 565 Yet, in that case, we also found changes in ICV in young and middle adulthood. Thus, we believe that even if the acquisition protocol that included two scanners introduced some bias to our results. It did not change their nature. Still, despite an extended longitudinal acquisition period, future studies will be better using only a single scanner to minimize bias.
A fourth limitation of our study is related to the fact that we do not have information regarding childhood 570 condition. Aging and development are related, and each one of these processes is also related to environmental conditions. For example, it is known that the puberty timing is genetically related to risk for prostate and breast cancer at old age [73] . Similarly, the age of menarche is associated with mortality from cardiovascular disease at old age [74] . In addition, the age of menarche changed over the last 50 years in the Netherlands [75] . Thus, it is possible that childhood conditions that influenced development and growth may also influence ICV changes in 575 adulthood. It should also be noted that our cohort is primarily a Dutch one, and specific conditions of the Dutch population (genetic or environmental) could have influenced the rate and nature of the ICV aging trajectory. Thus, future longitudinal studies will be better to incorporate childhood data as an additional confounder. Moreover, it is crucial to study ICV aging in populations that are not from European and European-North American origin to obtain a better representation of ICV and brain aging processes over a wide range of human conditions [76] .
To sum up the main result of this work, in this manuscript we present an extensive longitudinal analysis of ICV aging-trajectory that shows a non-linear behavior. We hope that this work will inspire future longitudinal analysis of the ICV and other brain biomarkers aging-trajectories, especially using big data cohorts. We believe that this analysis mode is the most trust-worthy method to obtain accurate measures of brain aging and its dependency on various genetic and environmental factors. 
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Males Females Figure 6 : Linear mixed models for ICV as a function of age. (a) Predicted ICV LMM-Slope Individual as a function of age. Each dot represents the age-dependent ICV slope for a specific individual. Lines are fits of the data to linear functions. Red line represents the minimum age for inclusion in the fits. (b) Cumulative measured individual ICV max − ICV min as a function of a normalized index between 0 and 1. Green line -fit of the 200 subjects with the smallest ICV max − ICV min (for both females and males) to a straight line. Vertical lines -limits of the normalized index criterion for inclusion in the linear mixed model reduced datasets for females and males. Inset-Distributions of ICV max − ICV min . Green and Orange lines are fits of the distribution data to log-normal distributions for males and females respectively. (c) Same as (a) for the reduced ICV LMM-Slope Individual dataset. In (a)-(c) blue color is for females and pink for males. Dashed green lines are 95% confidence intervals of the fit for both females and males. The table below the graphs shows the fitting-values for the cases of females, males, and for the females and males together. 
Cross-sectional [%]
Longitudinal Individual -fits For clarity, only the case for the ICV Slope-fit Individual model for females and males together is shown. Note that the graph represent absolute values so that negative ratio (before the age of ≈31) and positive ones after that age are depicted with the same value. The table below the graphs shows, as an example, the predicted ICV loss between age 20 and age 55 according the linear mixed models for females and males of the reduced dataset (see table in Fig. 6 ) and the general model for the ICV Individual Slope-fit (see table in Fig. 5 ). In parentheses -the corresponding same values based on the ICV Individual Slope-fit fits for females and males separately or for the LMM model for the complete dataset. The table also shows the predicted generational effect for females and males based on the cross-sectional analysis (see table in Fig. 7) . For the longitudinal case, trajectories was calculation by integrating the ICV rate of change equation: dICV dt = a + b · t, to obtain: ICV(Age)=ICV(Age 0 ) + a · (Age − Age 0 ) + 0.5 · b · (Age 2 − Age 2 0 ).
